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ABSTRACT 
Mobile learning is gaining popularity in formal and informal education in both developed and 
developing countries. It can be an effective tool to overcome digital divide especially in 
developing countries. The success of mobile learning at tertiary level depends on the perception 
of students towards this contemporary medium.  There is a shortage of research on m-learning in 
Pakistan, specifically studies showing current status of m-learning and students’ perceptions 
towards this new mode of learning at the university level. A scientific approach (hypothetico-
deductive method) was used in this study to explore the critical factors responsible for m-
learning adoption among university students in Pakistan. The findings of this study, based on 628 
valid survey responses, have both theoretical and practical implications for the researchers and 
the policy makers. 
Keywords: m-learning adoption, TAM, developing countries, adoption factors. 
Introduction 
Mobile learning (or m-learning) can be defined as learning through mobile devices (such as 
mobile/Smartphones, iPods, MP3 players, personal digital assistant (PDAs)) which is delivered 
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using mobile technology. M-learning is gaining popularity in both developed as well as 
developing countries.  According to Gutierrez (2013) the top five adopters of m-learning in 2010 
were U.S., Canada, South Korea, Japan and Taiwan constituting 70% of the m-learning market; 
however, the share of these top five adopters was predicted to decrease to 40% by 2015 mainly 
due to m-learning gaining popularity in the developing world (especially in Brazil, India, China 
and Indonesia). Rapid adoption of mobile technology, including handheld devices and wireless 
networks, in university environment is making higher education an ideal candidate for 
integrating student-centered m-learning (Cheon, Lee, Crooks, & Song, 2012).  
Many universities around the globe are reformulating and diversifying modes of 
delivery and content of course offerings and the word "flexibility" and 
term "flexible learning" seem to be used increasingly in relation to the kinds of 
reformulations of course offerings that are taking place (Nicoll, 1998). M-learning is a 
contemporary form of flexible learning that can complement and further enhance the current 
learning models (Motiwalla, 2007). Moreover, it has the potential to become most effective 
medium of delivering learning material in higher education (El-Hussein & Cronje, 2010).  
M-learning success in educational context depends on the perceptions and participation of the 
stakeholders which include students, faculty, university management and support staff (Jafari, 
McGee & Carmean, 2006). Students represent the user side whereas faculty and universities 
represents the supply side of m-learning (AUTHOR, 2012). Any m-learning initiative cannot be 
successful unless it is welcomed by the users i.e., students. It is, therefore, important to 
determine the factor affecting students’ intentions to adopt m-learning especially in context of 
developing countries where m-learning is at a basic level. Ellis, Ginns & Piggott (2009) indicated 
that without fundamental understandings of key aspects of electronic learning quality of the 
3 
 
student learning is likely to be put at risk, therefore there is a need for more evidence-based 
research to figure out  the ways we think about creating and designing online experiences to 
enhance the quality of learning. 
 
Theoretical Framework 
Technology acceptance theories explain the intentions as well as acceptance of a technology 
among users. Fishbein & Ajzen (1975) proposed Theory of Reasoned Action (TRA), a 
fundamental and prominent theory related to human behavior (Venkatesh et al., 2003). 
According to TRA, attitude of a person and subjective norms predominantly determine his/her 
behavioral intention (BI) to use. There are many researchers who reported a significant 
correlation between actions and behavioral intention (e.g., Sheppard, Harwick & Warshaw, 
1988). TRA is originally a general model and, hence, not suitable for explaining the behavior in 
specific circumstances (Davis et al., 1989). Theory of Planned Behavior (TPB) is an extension of 
TRA in which Ajzen (1991) added a new construct: Perceived behavioral control (PBC): a 
person’s perception that he or she can perform a certain behavior with ease. TPB has rarely been 
used in IS/IT research, hence it has the limitations of non-availability of proper scale and 
empirical base (Leong, 2003). The TPB is open to further expansion as pointed out by Ajzen 
(1991). 
Technology Acceptance Model (TAM) was developed by Davis (1989) as an extension of TRA 
to explain and predict the acceptance of IS.  The two main constructs used in TAM are PU and 
PEU. PU is defined as “the degree to which a person believes that using a particular system 
would enhance his or her job performance” whereas PEU is defined as “the judgment with 
respect to amount of effort required to use a system” (Davis, 1989, p. 320).  PU and PEU affect a 
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users’ attitude towards using a system, which affects behavioral intention (BI) to use and actual 
use of the system. Davis (1989) suggested that the predictive capability of TAM with respect to 
future adoption of a new technology could be enhanced by incorporating external variables in it.  
TAM is preferred over TRA and TPB because of its widespread popularity. The main advantages 
claimed for TAM as pointed out by Mathieson (1991) are: TAM is parsimonious, IT specific, the 
scales used for measurement are well-researched and validated and availability of strong 
empirical support. TAM’s inability to explicitly state the external factors is viewed as one of the 
weaknesses of TAM. External factors affecting acceptance of a new technology vary from 
situation to situation depending upon the situation, users and technology characteristics (Moon & 
Kim, 2001). Venkatesh & Davis (2000) introduced TAM2 which included several determinants 
of PU.  
Empirical Studies on M-Learning adoption 
Pollara & Broussard (2011) conducted a review of 18 studies, published during 2005-2010, 
focusing on students perceptions of m-learning. 17 out of 18 studies reviewed reported a positive 
attitude of students towards m-learning. There are several studies conducted on the topic of m-
learning adoption among university students using TAM, some of which are mentioned in table 
1:  
Table 1:  TAM based M-learning studies  
Authors IS 
Application 
Samples Results 
Huang, Lin & 
Chuang (2007) 
M-learning 313 university 
students 
Individual differences are important to 
define user acceptance whereas 
perceived mobility value and perceived 
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enjoyment can predict users’ intention 
of using m-learning 
Liu, Li & 
Carlsson 
(2010)* 
M-learning 230 
undergraduate 
students 
Perceived near-term and long-term 
usefulness and personal innovativeness 
have significant influence on m-learning 
adoption intention, while perceived 
long-term usefulness significantly 
affects the perceived near-term 
usefulness.  
Chang, Yan & 
Tseng (2012)* 
M-learning 158 college 
students 
PU and PEU and perceived convenience 
are important factors for acceptance of 
English mobile learning as well as these 
factors have significant effect on 
attitude towards use. 
AUTHOR 
(2012)* 
M-learning 250 university 
students 
PU, PEU, and facilitating conditions 
significantly affect the students’ 
intention to adopt m-learning, whereas 
perceived playfulness is found to have 
less influence. Social influence is found 
to have a negative impact on adoption 
of m-learning. 
 [Source: Liu, Han, Li (2010).  *References marked with (*) added by researcher]. 
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A limited research on the topic of m-learning adoption and its determinants is conducted in 
developing countries’ context especially in Pakistan.  
Constructs and associated hypotheses 
Koole (2009) proposed a FRAME (Framework for the Rational Analysis of Mobile Education) 
model which defines m-learning as a process based on the interaction among learners, mobile 
technology and societal factors and the same three factors are used in the conceptual model as 
external variables affecting TAM.  
Learner Related Factors 
The learners’ related factors considered for this study, based on the literature review, include 
students’ readiness and self-management of learning and are discussed below:  
Student Readiness (SR) 
Readiness to use technology can be defined as the tendency to accept and use a new technology 
to carry out tasks related to work or home. According to Pillay, Irving & Tones (2007) computer 
self-efficacy, technical skills, attitude towards computers and learning preferences are main the 
qualities that may explain individual differences in academic achievement and satisfaction in 
online learning environments. Social Cognitive Theory suggests that performing a specific skill 
positively influence self-efficacy perception and PEU of TAM is a measure of self-efficacy 
(Davis, 1989). An innovative person might find a new system useful (PU) and easy to use rapidly 
as compared to a non-innovative person (Schillewaert et al., 2005). The above discussion leads 
us to formulate the following hypotheses: 
H1: SR has a significant impact on PU of m-learning. 
H2: SR has a significant impact on PEU of m-learning. 
 
Self-Management of Learning (SML) 
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The concept of SML should be considered as one of the vital concept for probing the acceptance 
of mobile learning as suggested by Chen et al. (2002) and Huang et al. (2011). The students 
exhibiting self-management skills have demonstrated better results in online learning setup as 
pointed out by Chen et al. (2002). Moreover, it is also reported in previous research that 
individuals with superior self-discipline skills can adopt m-learning much quickly than others 
(Wang, Wu & Wang, 2009). This discussion leads us to frame the following hypotheses: 
H3: SML has a significant impact on PU of m-learning. 
H4: SML has a significant impact on PEU of m-learning. 
 
Technology Specific Factors 
The two commonly used m-learning specific adoption factors indicated in literature are mobility 
and perceived playfulness which are discussed below: 
Mobility (MOB) 
The distinctive characteristic of mobile technology is its mobility: anywhere/anytime access to 
information through wireless networks and mobile devices. Independence of time and place is 
the core of mobility and is very close to the concept of “anytime and anywhere” computing 
introduced by Kleinrock (1996). Different researchers have investigated the relationship between 
perceived mobility and PU and PEU. Kim, Mirusmonov & Lee (2010) reported a positive effect 
of mobility on PU in their study related to mobile payments, while Schierz, Shilke & Wirtz 
(2010) did not found this relationship positive in mobile payment service context. Kim et al. 
(2010) also studied the impact of mobility on PEU and reported the impact to be insignificant. 
Based on the foregoing we hypothesize: 
H5: MOB has a significant impact on PU of m-learning. 
H6: MOB has a significant impact on PEU of m-learning. 
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Perceived Playfulness (PP) 
A learner’s playfulness, referred to as his or her “cognitive spontaneity and sense of pleasure in 
undertaking a task” (Spence & Usher, 2007, p. 269), can be considered a crucial element to 
affect learning engagement particularly with reference to innovation in teaching. There are 
several studies which indicate a positive correlation among perceived playfulness and users’ 
intention e.g., Moon & Kim (2001) who extended the TAM to include PP as an intrinsic 
motivation factor. Intrinsic motivators lead to increased interaction because of the user’s interest 
in the activity. PP possibly can influence the users’ behavior and hence, is included in the 
research model. 
H7: PP has a significant impact on PU of m-learning. 
H8: PP has a significant impact on PEU of m-learning. 
External Drivers of m-learning adoption 
The three potential external drivers of m-learning adoption pointed out by the researchers in their 
studies conducted on the topic of m-learning adoption are social influence, faculty support and 
university support which are discussed below: 
Social Influence (SI) 
Social influence (SI) is defined as “the degree to which an individual perceives that important 
others believe he or she should use the new system” (Venkatesh et al., 2003, p.451). SI is 
included as a factor affecting BI in other acceptance models as well such as TAM and TPB. 
Previous studies suggest that SI significantly affect BI towards the use of a new technology 
(Venkatesh & Davis, 2000). In case of m-learning, SI can be in the form of peer pressure or 
influence of instructor (Miller et al., 2003). Social influence could encourage people to adopt a 
new technology by indirectly influencing their attitude via PU and PEU and hence, we propose: 
H9: SI has a significant impact on PU of m-learning. 
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H10: SI has a significant impact on PEU of m-learning. 
Faculty Support (FS) 
The role of teachers had been changing with change in technology. According to Ozdamli and 
Cavus (2011) the teacher’s role in an m-learning environment is to motivate the learners, 
facilitate and guide them, to arrange activities that promote interactive learning between 
collaborative groups and organize activities for assessment of learners. A person might consider 
a system useful and form an intention to use it if his superior (due to his position) suggests about 
the usefulness of that particular system (Miller et al., 2003). Jung et al. (2002) studied the 
behavior of students enrolled in an online course and found that the teacher’s presence had a 
strong effect on students’ perception towards ease of using online system (PEU), their 
motivation, course engagement and achievement. The following hypotheses related to FS are 
formulated: 
H11: FS has a significant impact on PU of m-learning. 
H12: FS has a significant impact on PEU of m-learning. 
University Support (US) 
The university support in term of financing, training, technical support and commitment from 
senior management is crucial for seamless integration of technology in learning. It is pointed out 
in several studies that individual adoption of any technology is not only dependent on personal 
beliefs and perception but also on management actions, strategies and policies (Leonard-Barton 
& Deschamps, 1988). Adequate support services could affect both PU and PEU (Lee, Kozar & 
Larsen, 2001). Venkatesh (2000) concluded that facilitating conditions influenced PU and PEU 
positively. Hart & Henriques (2006) reported that top management support positively affected 
PEU, but its effect on PU was found negative. Hence the following hypotheses are formulated:  
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H13: US has a significant impact on PU of m-learning. 
H14: US has a significant impact on PEU of m-learning. 
Adoption Factors defined in TAM 
Perceived Usefulness (PU) & Perceived Ease of Use (PEU) 
Both PU and PEU are reported to have a considerable impact on behavioral intention to use a 
new technology (e.g. see Chau, 1996). Hence it is hypothesized that: 
H15: PU has a significant impact on BI to use m-learning. 
H16: PEU has a significant impact on BI to use m-learning. 
According to TAM, both PU and PEU are strongly correlated. It means, if all other factors are 
held constant, individual’s perception regarding usefulness of a technology will highly depend 
on ease of use of that technology (Igbaria et al., 1995) therefore it is hypothesized that: 
H17: PEU has a positive effect on PU of m-learning. 
Behavioral Intention (BI) 
Fishbein and Ajzen (1975) defined BI as “a measure of the strength of one's intention to perform 
a specified behavior” (p. 288). BI in this study is used to indicate the inclination of an individual 
towards adoption of m-learning technology. Previous researches support the idea both PU and 
PEU had significant impact on a user’s BI (O’Cass & Fenech, 2003).  
Actual Usage (AU) of m-learning 
In TAM, actual usage of a specific technology is defined to be dependent upon the BI of a user 
towards that technology (Davis et al., 1989). In practice, it is difficult to predict that a specific 
behavior towards a new technology will also lead to its actual usage. However, positive 
correlation between BI and actual usage of technology is reported in several studies (e.g., 
Vijayasarathy, 2004). Similarly, it is hypothesized: 
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H18: BI has a significant impact on actual use (AU) of m-learning. 
The research model derived from the literature review discussed in this chapter is presented in 
Figure 1: 
 
Figure 1:  Conceptual Model of the research 
Methodology 
Population/Sample/Sampling  
The current study follows a hypothetico-deductive approach. University students belonging to 
different public and private sector universities of Pakistan are the target population. A mixed 
methods (MM) sampling is used in this study. In MM sampling, probability and purposive 
sampling techniques are combined for selection of sampling units (Teddlie & Yu, 2007). 
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Stratified purposive sampling is one of the popular MM sampling techniques.  In this technique, 
the entire population is divided into different strata and then few cases are selected, using 
purposive sampling, from each stratum. In this study the entire population of students is divided 
into five strata to represent the four provinces and the federal capital. Since the target is to get 
information from the students who are familiar with Smartphone usage, those universities were 
purposefully selected where the students mostly come from the upper/upper middle class and 
mostly own Smartphones. Sample size generally recommended for structural equation modeling 
is 200 or 10 cases per parameter (Kline, 2011).  
Instrument & Measures 
The questionnaire was based on validated research instruments developed by different 
researchers who conducted research on this topic. The final instrument used in this study 
consisted of 11 variables as mentioned in table 2: 
Table 2: Variables used in Study, Codes and References 
Variables Code References 
Student Readiness SR Compeau & Higgins (1995); Schillewaert et 
al. (2005); Hussin et al. (2012); Ismail et al. 
(2013) 
Mobility  MOB Mallat et al. (2006); Huang et al. (2007); 
Kim et al. (2010). 
Perceived Playfulness PP Moon & Kim (2001); Wang et al. (2009) 
Self Management of 
Learning 
SML Huang et al. (2011) 
Social Influence  SI Venkatesh et al. (2003); Wang et al. (2009) 
Faculty Support  FS Schillewaert et al. (2005); Igbaria et al. 
(1995); Leonard-Barton & Deschamps 
(1988) 
University Support US Igbaria, Pavri & Huff (1989); Igbaria et al. 
(1995); Schillewaert et al. (2005) 
Perceived Usefulness PU Davis (1989, 1993); Venkatesh and Davis 
(1996); Moon & Kim (2001) 
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Perceived Ease of Use  PEU Davis (1989, 1993); Venkatesh and Davis 
(1996); Moon & Kim (2001) 
Behavioral Intention  BI Hu et al. (1999); Moon & Kim (2001) 
Actual Use AU Compeau, Higgins, & Huff (1999). 
 
Pilot testing of questionnaire was conducted before final survey. Based on the respondents’ 
feedback and expert’s opinion, the questionnaire was further refined before the final survey. The 
final survey resulted in 628 valid responses which were further analyzed.  
Instrument Validity and Reliability 
The dataset was analyzed to establish the convergent and discriminant validity and reliability. 
Exploratory factor analysis (EFA) and confirmatory factor analysis (CFA) were conducted to 
confirm the convergent and discriminant validity; while the reliability of the instrument was 
checked means of Cronbach Alpha values. The results of principal component factor analysis 
(PCFA) suggested retaining all the factors proposed in conceptual model except in case of 
students’ readiness (SR) and faculty support (FS). Students’ readiness converged on three 
separate constructs identified as Personal Innovativeness, Skills Readiness and Psychological 
Readiness; whereas faculty support converged on two separate dimensions identified as Passive 
Faculty Support and Active Faculty Support. Sub-hypotheses for SR and FS were accordingly 
developed. 
After exploratory analysis the reliability of the measuring scales was checked by means of 
Cronbach Alpha The acceptable value of Cronbach Alpha for establishing reliability is 0.6 
(Nunnally, 1978); however Cronbach value for all the fourteen constructs was above 0.9 which 
indicated that the instrument was reliable. Based on the results of EFA and reliability analysis, 
fourteen variables were finalized for further analysis. The fitness of research model was analyzed 
using CFA. Fornell & Larcker’s (1981) suggested method was used to assess the discriminant 
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validity of the constructs used in the proposed model. The square roots of the average variance 
extracted (AVE) for these constructs were compared with their corresponding correlation values 
as shown in Table 3.  
Table 3: Correlation Matrix and Discriminant Analysis 
  PI SKR PSR MOB PP SML SI PFS AFS US 
PI 0.91          
SKR .220** 0.904         
PSR .426** .390** 0.924        
MOB .394** .275** .335** 0.885       
PP .353** .348** .435** .298** 0.942      
SML .391** .345** .368** .400** .372** 0.934     
SI .288** .223** .283** .331** .295** .282** 0.925    
PFS .383** .379** .465** .315** .492** .386** .324** 0.924   
AFS .423** .295** .476** .386** .373** .429** .355** .474** 0.935  
US .342** .290** .333** .213** .426** .250** .376** .455** .377** 0.931 
**. Correlation is significant at the 0.01 level (2-tailed). 
The diagonal values in the above table represent the square roots of AVE for each of the ten 
constructs defined as external variables affecting TAM. As it can be seen that the diagonal values 
are higher compared to the values in the corresponding rows and columns, the discriminant 
validity of these constructs used in the proposed model is confirmed. 
Results of Hypotheses Testing 
The proposed model for this study was tested using AMOS. The standardized weights for the 
model are shown in Figure 2.  
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Figure 2:   SEM Path Analysis Results 
 
The goodness of fit indices are mainly divided into three categories: parsimony fit indices, 
absolute fit indices and incremental fit indices (e.g. see Hooper, Coughlan & Mullen, 2008). The 
measurement model meets these three criteria recommended by the experts for estimating the 
fitness of the model as shown in Table 4.  
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Table 4:  Results for CFA – Measurement model 
Model Fit Indices 
Type Indices Recommended Observed 
Reference for recommended 
values 
Parsimony Fit 
Index 
CMIN/df < 3 2.097 (Kline, 2011) 
Absolute Fit 
Indices 
RMR < 0.05 0.043 (Hu & Bentler, 1999; Kline, 
2011) 
RMSEA < 0.05 - < 0.08 0.042 < .06 (Hu and Bentler, 1999);         
< 0.07 (Steiger, 2007) 
Incremental Fit 
Indices 
NFI > 0.900 0.934 (Bentler and Bonnet, 1980) 
CFI > 0.900 0.964 (Hu and Bentler, 1999) 
TLI > 0.900 0.962 (Hu & Bentler, 1999; Kline, 
2011) 
Based on the path coefficients and t-values the results of hypotheses testing are presented in 
Table 5: 
Table 5:  Hypotheses testing results 
Hypotheses Path Path coefficient t-value Results 
H1a PI -> PU 0.095 2..813 Accepted 
H1b SKR -> PU 0.092 2.798 Accepted 
H1c PSR -> PU 0.117 3238 Accepted 
H2a PI - > PEU 0.072 2.010 Accepted 
H2b SKR -> PEU 0.150 4.379 Accepted 
H2c PSR -> PEU 0.124 3.281 Accepted 
H3 MOB -> PU 0.144 4.381 Accepted 
H4 MOB -> PEU 0.094 2.726 Accepted 
H5 PP -> PU 0.119 3.488 Accepted 
H6 PP -> PEU 0.144 4.026 Accepted 
H7 SML -> PU 0.099 2.993 Accepted 
H8 SML -> PEU 0.112 3.222 Accepted 
H9 SI -> PU 0.108 3.485 Accepted 
H10 SI -> PEU 0.025 0.756 Rejected 
H11a PFS -> PU 0.125 3.394 Accepted 
H11b PFS -> PEU 0.141 3667 Accepted 
H12a AFS -> PU 0.078 2.271 Accepted 
H12b AFS -> PEU 0.082 0.024 Accepted 
H13 US -> PU 0.079 2.348 Accepted 
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H14 US -> PEU 0.172 4.968 Accepted 
H15 PEU -> PU 0.112 2.743 Accepted 
H16 PU -> BI 0.214 4.113 Accepted 
H17 PEU -> BI 0.089 1.723 Accepted 
H18 BI -> AU 0.276 6.933 Accepted 
 
 
As shown in Table 8 all the proposed hypotheses except one are accepted; the affect of social 
influence (SI) on perceived ease of use PEU (coefficient =.025, t-value = 0.756, p-value = 0.449) 
is not found significant and hence the related hypothesis (10) is rejected.  
Discussion of the results 
The results of this study indicated personal innovativeness (PI) of students has significant impact 
on both PU and PEU. Those individuals who posses high degree of innovativeness are ready for 
adopting a change since they are in a better position to make constructive use of information 
specific to an innovation (Leavitt and Walton, 1975). PI is reported as a significant predictor of 
PEU in the studies of Liu et al. (2010) and Tan, Ooi, Leong & Lin (2014). PI is reported to have 
a significant impact on long-term PU in a study conducted by Liu et al. (2010). Skills readiness 
(SKR) in context of m-learning refers to existing knowledge about an innovation which is a 
central psychological determinant of consumer behavior (Bauer et al., 2005). The fact that an 
individual possesses certain knowledge and skill to use a new technology will negatively affect 
his perception towards that innovation’s complexity. The innovation of diffusion theory suggests 
a negative correlation between acceptance of a new technology and its perceived complexity 
(Rogers, 1983). Psychological readiness (PSR) indicates a positive state of mind towards the use 
and usefulness of a new technological which will increase the chances of its adoption. Self 
management of learning (SML) has significant impact on students’ PEU and PU. The results 
support the view that learners with highly autonomous learning ability are most suitable for this 
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form of learning compared to learners with less autonomous learning capability (Wang et al., 
2009). 
Mobility (MOB) has significant positive impact on PU and PEU. MOB significantly affects PEU 
which is consistent with findings of Jarvenpaa and Lang (2005). Mallat et al. (2006) asserted that 
the concept of MOB is closely related to the performance gain offered by mobile technology; 
hence it is associated with the concept of PU. The results of the study indicate that perceived 
playfulness (PP) has significant impact on both PU and PEU. Flow theory (Csikszentmihalyi, 
1990) suggests that positive subjective experience is an important factor causing an activity. An 
activity that results in “feeling good” state is the one which can be categorized as intrinsically 
motivating and people are more likely expected to engage in it (Teo & Noyes, 2011). A 
significant positive affect of perceived enjoyment on PEU is reported in the studies of Venkatesh 
(2000) and Teo & Noyes (2011). The present day universities are increasingly occupied by 
Generation Y (those born during1980-2000) and it is argued the Generation Y student displays 
radically new learning styles which can only be engaged in the classroom through new teaching 
strategies and learning spaces (Sternberg, 2012). 
Social Influence (SI) does not have a significant impact on PEU as hypothesized. A similar 
finding was reported in a study by Shen et al. (2006) in which peer influence on technology 
adoption was not found significant. The possible reason could be the technical limitations such 
as small screen size, miniature key pad, short battery life and less computational power (Siau et 
al., 2001) which make these devices less ideal for educational use. These limitations of mobile 
devices generally add to the anxiety of a learner and negatively affect his feeling of convenience. 
However, SI is found to have significant impact on PU. This finding suggest that when a large 
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number of people are using a certain technology the non-users might start thinking that this 
technology is useful as it is being used by many people.  
In educational settings, the learner’s motivation is generally affected by the faculty. Faculty 
support in case of technology adoption can be in terms of persuasion to adopt a new technology 
(referred here as passive faculty support: PFS) and/or it can be practically helping learners to 
adopt a new technology (referred as active faculty support: AFS). The results indicate that 
faculty persuasion (PFS) has significant positive impact on PEU and PU of m-learning. The 
students’ level of anxiety towards a new technology is lowered once they have the confidence 
that their teacher is available to help them out. The teachers can be instrumental in convincing 
students that a new technology will lead to their increased productivity, thus positively affecting 
their PU. University support positively influence students’ PEU and PU and this finding is 
supported by other studies which confirm that successful adoption of m-learning depends on 
technical support, staff training and offering mobile compatible learning material (Barker, Krull, 
& Mallinson, 2005).  
A strong positive impact of PU on m-learning is found on students’ behavioral intention (BI) to 
adopt m-learning similar to the studies of Liu et al., (2010); Cheon et al., (2012); Tan et al., 
(2014). Liu et al (2010) suggests that a key factor influencing the students’ intention to adopt m-
learning is the meaningful use of mobile devices in course related activities. Perceived ease of 
use (PEU) is found to have a significant positive impact on behavioral intention to use m-
learning as reported by Chung, Chen, & Kuo (2015). This finding suggests that students are 
interested in m-learning because of its convenience features: easy to carry and all in one 
approach used in mobile devices. However, PEU is generally found to be a relatively weak 
predictor of BI compared to PU as pointed out by Keil et al. (1995) “no amount of PEOU will 
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compensate for low usefulness” [p.89]. Similar to many TAM related studies a significant 
positive impact of PEU is found on PU (e.g. see Kim et al., 2010; Huang et al., 2007, Tan et al., 
2014).  Generally speaking an innovation that is easier to use and enhances productivity is more 
likely to be adopted by masses.  
The results of the study show that students’ actual behavior is significantly affected by their 
behavioral intention. In literature mixed findings are reported for the relationship between BI and 
AU. A positive relationship is reported between these two variables in several previous studies 
(e.g., see Davis et al., 2002; Martins, Oliveira, & Popovič, 2014).  
Conclusion 
The results of structural equation modeling confirmed significant positive impact of all the 
student related and technology specific factors on PEU and PU. Out of the three external factors 
affecting TAM, two factors i.e., faculty and university support significantly affect PU and PEU. 
However, SI significantly affects PU but not PEU. PU is found a strong predictor of students’ BI 
to use m-learning as compared to PU. A direct impact of BI on actual use of m-learning is 
reported in this study.                         
Contributions of this study 
This study addresses the weakness of TAM by incorporating external variables specific to m-
learning environment. A comprehensive m-learning adoption model is proposed in which 
adoption factors are divided into three categories: Users’ specific factors, technology specific 
factors and external driving factors (in terms of support and influence). Another contribution of 
this study is explanation (operationalization) of students’ readiness in terms of m-learning 
adoption. It is reported that students’ readiness for m-learning encompasses their personal 
innovativeness, skills readiness and psychological readiness. This study extends the 
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understanding of the concept of faculty support in m-learning adoption by defining it in terms of 
passive faculty support and active faculty support. Moreover, it adds to limited literature 
available on m-learning adoption in developing countries’ context. 
Practical Implications 
The findings of this study are helpful for policy makers, university administration, application 
developers and device manufacturers. For successful adoption of m-learning at the university 
level, the university management should focus on enhancing the students’ readiness specifically 
skills readiness and psychological readiness. Different training courses and workshops can be 
conducted for this purpose. Different courses should be introduced to enhance the self 
management skills of the students as the findings of this study suggest that those students who 
demonstrate higher degree of self-management skills are in a better position to adopt m-learning. 
Mobility is identified as a key advantage of m-learning which suggests that university 
management and policy makers should introduce m-learning programs focusing the portable 
mobile devices (such as PDAs and Smartphones). Perceived playfulness is also found a crucial 
predictor of m-learning adoption, hence game-based, media enriched and interactive m-learning 
applications should be developed by application developers to make learning fun. Faculty 
support is an important factor for successful adoption of m-learning; therefore the university 
management should focus on teachers training to help them incorporate mobile technology in 
their teaching. University support in terms of financing, providing required hardware and 
software, technical support, content development and training of faculty and students is 
important for successful m-learning adoption.                                                                                                                                                                                                                                                                                                                                                                                                                                                                      
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Limitations of the Study  
The limitations of this study include: Firstly, a limited sample, students belonging to six selected 
universities from the large developed cities, was considered in this study. Secondly this study has 
been conducted from a developing country’s perspective where m-learning is at a very basic 
level. Third limitation of this study is its research design (i.e. cross sectional analysis) which 
could result in common method bias. Lastly, the study is carried out in higher education context 
and hence, the same results might not be obtained for any research conducted in 
commercial/corporate setting. 
Future Directions 
The study is conducted in one country, cross country studies are recommended to further validate 
the results of this study. To overcome the issue of common method bias it is recommended to 
conduct a longitudinal study on this topic.  It is also recommended to test this model in corporate 
settings such as service industry or financial industry to see if similar results are obtained or not.  
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